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Abstract 
 
Between the years 2000 and 2010, the Hispanic population in the United States grew by 
15.2 million people at a rate faster than any other racial or ethnic group. Despite this population’s 
increasing size and political power, past researchers find that significant and persistent gaps exist 
between the test scores of Hispanic and non-Hispanic students. This study examines one solution 
proposed to close the test score gap: the assignment of students to demographically similar 
teachers. Using the Early Childhood Longitudinal Study, Kindergarten Class of 1998-1999, this 
study explores how instruction by ethnically and/or linguistically similar teachers affects the 
reading, math, and general science test scores of Hispanic kindergarten students. Findings 
suggest that when taught by a Hispanic teacher, students reported as Hispanic are predicted to 
earn reading test scores higher than those of students in other student-teacher dyads. Linguistic 
similarities have negligible effects on student outcomes after controlling for individual-, teacher- 
and school-level factors. Policy implications are described.   
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 Introduction 
 
In 1954, the Supreme Court declared it unconstitutional to separate minority and white 
students in schools, arguing that any form of public school segregation was “inherently unequal” 
(Administrative Office of the U.S. Courts). Even after 60 years, however, educational inequities 
still divide students of different racial groups: By fourth grade, the test scores of white students 
are nearly 10% higher than those of their Hispanic peers (Duncan and Easton 2011); four out of 
five white students outperform the average black student by age 17 (Hanushek and Rivkin 2006); 
the high school dropout rate of American Indians and Alaska Natives is around 15%, higher than 
that of whites, blacks, and Asian/Pacific Islanders (Freeman and Fox 2005). Scholars believe that 
such educational differences “feed directly into further schooling and into the labor market, 
continuing the cycle of inequality" (Hanushek and Rivkin 2006: 27). These disparities have 
prompted conversations with researchers, policy makers, school administrators, and teachers 
alike, asking: How might one minimize the race-based educational gaps that continue to plague 
American society?  
Racial matching—the assignment of students to teachers with similar racial 
backgrounds—is one proposed solution. Various researchers note that students achieve at higher 
levels when taught by racially similar teachers (Dee 2004; Dee 2005, Aaronson et al. 2007; 
Easton-Brooks, Lewis, and Zhang 2010). Other researchers find negligible effects of racial 
matching on student outcomes (Ehrenberg and Brewer 1995; Ehrenberg, Brewer, and Goldhaber 
1995; Fryer and Levitt 2004; Eddy and Easton-Brooks 2011). 
Despite mixed findings, past studies regarding student-teacher matching tend to have one 
thing in common: They focus on white and African American students but fail to analyze other 
racial and ethnic groups, including the emergent Hispanic population. According to the U.S. 
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Census Bureau, the Hispanic population grew by 13 million people between the years 1990 and 
2000 (Guzmán 2001: 111) and by 15.2 million people between the years 2000 and 2010 (Ennis, 
Ríos-Vargas, and Albert 2011:2). This growth rate is unmatched by that of any other racial group 
(Ennis et al. 2011: 2). Even so, researchers historically exclude the Hispanic population from 
analyses of student-teacher matching and achievement. Unique is Egalite, Kisida, and Winters’s 
study (2013) of student test scores on the Florida Comprehensive Assessment Test (FCAT). In 
this study, the researchers analyze the Hispanic population and find no effect of ethnic matching 
on student achievement. The authors note, however, that these findings are neither robust nor 
generalizable due to the significant heterogeneity of Florida’s Hispanic population (Egalite et al. 
2013). Nationally representative studies on the effects of matching Hispanic students and 
teachers prove difficult to locate. 
 In fact, all studies of ethnic matching are difficult to unearth; past studies focus exclusively 
on racial matching. While often seen as perception-based and roughly synonymous, race and 
ethnicity do, in fact, represent separate social constructs (Sandefur, Campbell, and Eggerling-
Boeck 2004; Humes, Jones, and Ramirez 2011). In 1997, the U.S. Office of Management and 
Budget even mandated that two different questions be used to collect racial and ethnic 
information on the U.S. census (Humes et al. 2011).  
 According to the U.S. Census Bureau, U.S. citizens socially define racial categorization 
(Humes et al. 2011). Race is no longer defined along biological, anthropological, or genetic 
lines. For this reason, in the 2010 census, individuals were able to select multiple racial identities 
(Humes et al. 2011). Ethnicity, in contrast, is explicitly defined and relates to the “heritage, 
nationality group, lineage, or country of birth of the person or the person’s ancestors before their 
arrival in the United States” (Humes et al. 2011: 2). As such, one’s ethnicity is often linked with 
 5 
one’s culture and customs (Collier and Thomas 1988). While similar, past studies suggest that 
racial and ethnic identification should not be considered one in the same. For instance, LeVine 
and Ruiz (1978) find that African-American students identify with their racial identity before 
Mexican-American students identify with their ethnic identity. By confining their studies to 
African American and white students, past researchers of racial matching have left ethnic 
matching unexplored.  
 One cannot assume that demographic matching—of either race or ethnicity—similarly 
affects students of all racial-minority groups. For example, it is possible that racial matching only 
affects the test scores of African American students. One might hypothesize that these students 
are acutely aware their stereotyped societal standing and are therefore most affected by racial 
matching (Ortiz and Telles 2012).  Past studies support this supposition, finding no significant 
effect of student-teacher racial matching on the test scores of Asian/ Pacific Islanders (Egalite et 
al. 2013).  
Despite the subtle distinction between race and ethnicity, one might begin to understand 
the theoretical underpinnings of ethnic matching by studying those of racial matching. In past 
studies, researchers hypothesize that racial matching improves student outcomes for a variety of 
reasons. In his study “A Teacher Like Me: Does Race, Ethnicity, or Gender Matter?” Thomas 
Dee suggests that both passive and active processes are at work (2005):  
Passive Effects 
Dee defines passive effects as processes “that are simply triggered by a teacher’s racial, 
ethnic, or gender identity, not by explicit teacher behavior” (2005: 159). In other words, teachers 
do not differentially treat students of different races. Students, however, perceive and respond to 
the different demographic identities of their teachers. These student perceptions, despite their 
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interpretive, subjective foundations, consequently affect academic outcomes. Dee names both 
stereotype threats and role model effects as subcategories of passive teacher effects. Either of 
these processes could explain how racial matching affects student outcomes. 
Stereotype Threats 
A stereotype threat can be defined as “the possibility that in situations where students 
perceive stereotypes might attach (e.g. black students with white teachers, females students with 
male teachers), they experience an apprehension that retards their academic identification and 
subsequent achievement” (Dee 2005: 159). In their well-cited study, Claude M. Steele and 
Joshua Aronson confirm this to be true, finding that African American students, when aware of 
their racial identity, make significantly more mistakes on standardized examinations (1995). It is 
possible that similar cognitive processes affect Hispanic students taught by non-Hispanic 
teachers. 
Role Model Effects 
A role model effect can be defined as the likelihood that “a demographically similar 
teacher raises a student’s academic motivation…expectations,” and subsequent achievement 
(Dee 2005: 159). The argument maintains that students see demographically similar teachers as 
leaders and examples of professional and academic success. As a result, students are more likely 
to succeed. Sabrina Zirkel’s study (2002) supports this argument, finding that students with at 
least one racially similar teacher role model earn higher test scores and report significantly 
higher educational and professional goals than students without such teachers. These results 
support the hypothesis that teacher role models encourage academic achievement. 
Past researchers, like developmental psychologist Barbara Rogoff, find that teacher role 
models affect elementary school students more than they affect older children (1990). In her 
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book, Apprenticeship in Thinking: Cognitive Development in Social Context, Rogoff found that 
by early adolescence (ages 11-13), individuals tend to seek older peers—rather than adults—as 
models of behavior and values (1990). Others support this finding, arguing that student-teacher 
relationships are most important during elementary school (Lynch and Cicchetti 1997). These 
relationships have immediate effects on student motivation and behaviors (Resnick et al. 1997; 
Wentzel 1998) as well as lagged effects on student outcomes in subsequent years (Pedersen, 
Faucher, and Eaton 1978). By analyzing kindergarten test scores, the present study analyzes role 
model effects when they are hypothesized to be the strongest.  
Active Effects 
 In contrast to passive effects, some scholars attribute student gains to "active" teacher 
effects. They argue that teachers interact with students differently based on conscious or 
unconscious race-based biases and expectations (Ferguson 2003; Dee 2004).  In his study 
“Teachers' Perceptions and Expectations and the Black-White Test Score Gap,” Ronald F. 
Ferguson finds that teacher expectations of students help to “sustain, and perhaps even to 
expand, the black-white test score gap” (2003: 483). Other researchers support this finding, 
arguing that in comparison to black teachers, white teachers are more critical and less supportive 
of black students (Beady and Hansell 1981; Meier, Stewart, and England 1989).  
 In opposition with these past analyses, recent studies cite a reverse process, with white 
teachers giving excessive positive feedback to African American and Hispanic students (Harber, 
Stafford, and Kennedy 2010; Harber et al. 2012). This, too, can lower the test scores of racial-
minority students by “contributing to the insufficient challenge that undermines [their] academic 
achievement” (Harber et al. 2012:1). These effects, in combination with passive teacher effects, 
might explain why racial matching is associated with higher levels of student achievement.  
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One can interpret both passive and active teacher effects as examples of the Thomas 
Theorem at work in the educational landscape. This theorem, formulated in 1928 by W.I Thomas 
and D.S. Thomas, states that “if men define situations as real, they are real in their 
consequences” (1928: 572). With the Thomas Theorem in mind, my research question asks: Do 
socially constructed perceptions of student-teacher ethnic similarity lead to real differences in 
student achievement? Or might other processes affect the ways in which Hispanic students 
achieve when taught by Hispanic teachers? 
 In 2011, the U.S. Census Bureau found a strong positive correlation between Hispanic 
identification and Spanish-language use, reporting that 73.8% of Hispanic individuals over the 
age of 5 spoke Spanish in the home (Ryan 2013: 9). This statistic is not surprising, as language is 
often considered to be an integral aspect of ethnic identification  (Collier and Thomas 1988; 
Jandt 2012). The strong correlation between Hispanic identification and Spanish-language use 
raises the following question: If there is evidence that Hispanic kindergarten students earn higher 
test scores when taught by Hispanic teachers, do these gains result from shared ethnic 
identification, shared language use, or both? Does the use of the Spanish language in the 
classroom improve the test scores of Hispanic, Spanish-speaking students? If so, would a non-
Hispanic, Spanish-speaking teacher be able to impact the academic achievement of Hispanic 
students in a way similar to that of a Hispanic teacher?  
Despite its important policy implications, the relationship between Spanish-language use 
and Hispanic identification has been left understudied. Exploration of this relationship might 
inform policy makers, administrators, and teachers of ways to support Hispanic students, 
minimize educational differences, and ultimately eliminate America’s test score gap. 
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Methods 
 
Data 
Data are from The Early Childhood Longitudinal Study, Kindergarten Class of 1998-
1999 (ECLS-K 1998-1999). This study, conducted by the U.S. Department of Education’s 
National Center for Education Statistics, employed a multistage probability design to select over 
21,000 students who entered U.S. kindergartens in the fall of 1998. Researchers collected data 
from students, their teachers, their parents and their school administrators on seven different 
occasions from 1998 until 2007. Parents provided information over the phone while teachers and 
school administrators completed paper-and-pen surveys. In addition to these data, trained 
assessors visited schools to evaluate the reading, math, and general scientific knowledge of 
sampled children. To maximize student evaluative inclusion, researchers made special 
accommodations for English Language Learners (ELL) and students with Individualized 
Educational Plans (IEPs). Translators and translated assessments were also available for Spanish-
speaking parents and students. Overall, the study excluded students whose assessments required 
braille or sign language, students whose IEPs indicated they should not be assessed, and ELL 
students whose primary languages were not Spanish. 
In addition to these groups, my study excluded all students for whom teacher 
identification was not reported (N=1,424). Without this information, I could not link teacher and 
student data to assess teacher effects. In addition, I excluded a randomly selected sample of 
students whose teachers taught more than one class (N=2,094). This later allowed me to generate 
classroom-level variables based on teacher identification number.  
To account for students changing teachers during the school year, some past researchers 
have dropped student observations from analyses (Rivkin, Hanushek, and Kain 2005) while 
others have weighted teacher effects proportional to the time teachers spent with the students 
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(McCaffrey et al. 2003). In the ECLS-K 1998-1999, however, weighting is methodologically 
difficult, as researchers did not collect information on many of the students after they changed 
teachers. Therefore, I excluded students who changed teachers between the first (Fall 1998) and 
second (Spring 1999) waves of data collection (N=1,714). My final data set includes 16,177 
observations, 75.6% of those included in the entire ECLS-K 1998-1999.  
  
Dependent Measures 
 The dependent measures for my study are student test scores of reading, math, and general 
scientific knowledge measured at the end of the kindergarten year (Spring 1999). Researchers 
created all cognitive assessments using national and state guidelines, such as those of the 
National Assessment of Educational Progress (NAEP), the National Council of Teachers of 
Mathematics, the American Association for the Advancement of Science, and the National 
Academy of Science. These assessments employed a two-stage design in which students first 
completed standardized routing tests to determine the difficulty of subsequent assessments. To 
account for differences in test difficulty, the ECLS-K included a of variety student achievement 
measures. These measures included: 
x Standardized T scores, which compared an individual student’s performance to the 
average student performance for each wave of data collection.  
x Number-right scores, which counted the number of questions a student answered 
correctly on each assessment, regardless of difficulty. 
x Item response theory (IRT) scores, which assessed patterns of correct and incorrect 
answers to estimate the number of items children would have answered correctly had 
they received all questions across all rounds of data collection. 
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Using IRT scores, researchers are able to estimate and compare student test scores across 
difficulty levels. In addition, researchers can look longitudinally at intra-student gains as children 
move from low to high difficulty levels. For these reasons, I chose to use IRT—as opposed to 
Standardized T or Number-right—scores as the dependent variables in my analyses. 
Reading IRT (Spring 1999) 
In the spring of 1999, trained assessors administered cognitive reading assessments to 
14,858 of the students in my sample. Based on routing scores, assessors distributed either low, 
medium, or high difficulty assessments to students. Summing across difficulty levels, there were 
a total of 212 possible questions. These questions, which remain confidential for copyright 
reasons, measured basic skills such as print familiarity, letter recognition, beginning and ending 
sounds, and sight vocabulary. Students were also asked to read short passages from a variety of 
literary genres, including poetry, letters, fiction, and non-fiction. In both the kindergarten and 
first grade rounds of data collection, these assessments placed more emphasis on basic reading 
skills than on comprehension. Preliminary data screening revealed skewed test scores. Therefore, 
I took the natural log of the original values. 
 
Math IRT (Spring 1999) 
 15,432 students completed the spring 1999 math assessment. There were a total of 174 
possible correct answers.1 Like reading evaluations, assessors administered tests of low, medium, 
and high difficulty to students based on their routing scores. The math assessment measured 
conceptual knowledge, procedural knowledge, and context-based problem solving. 
Approximately half of the mathematics assessment consisted of questions regarding number 
                                                 
1 While student scores are comparable across difficulty levels, they are not comparable between subjects, as 
each assessment is comprised of a different number of items.  
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properties and operations. The remaining portion of the assessment included questions regarding 
a variety of topics such as patterns, probability, geometry, and spatial sense. To complete these 
examinations, students were provided paper and pencils. Like the scores on reading assessments, 
I took the natural log of math IRT scores to account for skew in their original distribution. 
  
General Scientific Knowledge IRT (Spring 1999) 
 In the spring of 1999, researchers administered general scientific knowledge assessments 
to 14,832 students in my sample. In the kindergarten year, this assessment evaluated student 
understanding of natural science and social studies materials. Scientific concepts fell into two 
broad categories: conceptual understanding of scientific facts and ability to form and test 
evidence-based hypotheses about the natural world. Social studies concepts discussed history, 
culture, geography, and economics.  In later years of data collection, assessments only evaluated 
student knowledge of natural science material. This distinction makes it possible to directly 
compare scores within the kindergarten year and between subsequent years, but not between the 
kindergarten year and subsequent years. Unlike the reading and math assessments, the general 
scientific knowledge assessment had only two levels of difficulty and 111 possible questions. 
Also unlike reading and math assessments, scores on this assessment were normally distributed 
and untransformed in analyses. 
 
Key Independent Measures 
Student Hispanic Identification 
 I measured student ethnicity based on parent reports of their child’s race in the baseline 
year of the study. Parents were asked two questions: “Is {child name} of Hispanic or Latino 
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origin?” and “What is {child name}’s race?” Responses were recorded as one categorical 
variable with the following response options: 
1. White (non-Hispanic) 
2. Black or African American (non-Hispanic) 
3. Hispanic 
4. Asian, Native Hawaiian or other Pacific Islander 
5. American Indian or Alaskan Native 
6. More that 1 race, non-Hispanic 
 
From these response categories, I created a dichotomous variable of Hispanic identification 
by recoding all Hispanic children as 1. All other individuals were recoded as 0.  Therefore, my 
ethnicity variable distinguishes between “Hispanic” and “Non-Hispanic” individuals, but does 
not take into account further racial categorization.  
 
Teacher Hispanic Identification 
 I determined teacher ethnicity based on self-reported responses in the fall of 1998.  
Teachers were asked: “Are you of Hispanic or Latino origin? Circle [Yes or No].” This variable, 
like my dichotomous variable for student ethnicity, distinguishes between “Hispanic/Latino” and 
“Non-Hispanic/ Non-Latino” individuals but does not further ascertain racial categorization.  
 
Student Spanish-Speaking Ability 
 School administrators and teachers reported the ability of sampled students to speak 
Spanish as a first language. First, researchers asked the school coordinator to consult school 
records for information regarding the sampled children. If no linguistic information was on file, 
field interviewers asked teachers the following four questions:  
1. What are the names of the children in your classroom who speak a language other than 
English? 
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2. What other children in the classroom have families who speak a language other than 
English in the home?  
3. What other children in your classroom have you observed participating in a conversation 
with peers or adults where a language other than English was used? 
4. What language other than English does the child speak?  
From these questions, interviewers determined if a student spoke Spanish as their first 
language, coding Spanish-speaking students as 1 and non-Spanish-speaking students as 0. 
Researchers reported this dichotomous variable in multiple waves of data collection. In this 
study, students identified as Spanish-speaking in the first, second, or third waves of data 
collection were coded as Spanish-speaking across all waves. This assumes that students who 
spoke Spanish at one time most likely spoke Spanish at preceding and/or subsequent periods.  
 
Teacher Use of Spanish in the Classroom 
 Teacher Spanish-speaking ability was assessed using self-reported responses to the 
question, “What languages are used for instruction in your class(es)?” Response options 
included: No Language other than English, Spanish, Vietnamese, Chinese, Japanese, Korean, A 
Filipino language, Another Asian language, Other language (SPECIFY). In the original data, 
each response category was recoded as a dichotomous variable with the value of 1 representing 
use of the language in question. I included only the dichotomous Spanish language variable in 
analyses.   
Unlike student linguistic ability, teacher linguistic ability was measured at only one time: 
the spring of 1999. Therefore, I assumed that a teacher who spoke Spanish at this time also spoke 
Spanish across all waves of data collection. It is important to note that the aforementioned 
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constructs of student and teacher linguistic ability vary; while student linguistic ability is defined 
as one’s familiar knowledge of Spanish as a first language, teacher linguistic ability is defined as 
one’s use of Spanish instruction in the classroom. As such, this study might overlook Spanish-
speaking teachers who do not incorporate the Spanish language into instruction. 
 
Additional Independent Measures 
 Drawing from past literature, my analyses included various student-, teacher-, and 
school-level variables that might affect student test scores. These variables are briefly described 
below. Complete descriptive statistics of these control variables can be found in Tables 1-3.  
Student-level variables included: test scores measured at the beginning of kindergarten, 
gender, classroom support status, and mother’s education. The data showed skewed distributions 
of initial reading and math scores. Therefore, I took the inverse of the square root of reading 
scores and the natural log of math scores. I did not transform general scientific knowledge scores 
in any way.  I grand-mean centered these continuous variables to create variables with 
meaningful zeros.  
 Child gender was dichotomized into male (reference) and female categories, with similar 
frequencies of students in each (8,251 and 7,914 respectively2). Student support status was also 
dichotomized into  “Student Received No Additional Classroom Support” (reference) and 
“Student Received Additional Classroom Support” categories. I created this variable from three 
dichotomous, student-level variables that indicated if a student 1. Had special needs 2. Was 
disabled, or 3. Had an IEP. Individuals reporting at least one of these characteristics were coded 
as receiving additional classroom support. 
                                                 
2 These values were calculated before the imputation of missing data. The imputation process is described in 
the “Analytic Strategy” section of this document. 
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 My final student-level variable controlled for the level of education of the student’s 
mother. This categorical variable included 10 response options ranging from “8th Grade or 
Below” to “Doctorate or Professional Degree.” I treated this variable as continuous and centered 
it about the grand mean of the sample. In preliminary models, I also included a categorical 
variable for student-level socioeconomic status (SES). This variable, however, was very highly 
correlated with mother’s education (correlation coefficient of .80). Given that I had already 
included a measure of school-level SES (the percentage of students eligible for reduced-price 
lunch) in my model, I omitted student-level SES from analyses in favor of mother’s education. 
Comparable results and conclusions were found when excluding mother’s education in favor of 
student-level SES. 
 Teacher/classroom-level variables controlled for both teacher characteristics, like gender 
and years of experience, and classroom dynamics, like class type, class size, and percentage of 
racial-minority and Hispanic classmates. I will refer to all of these variables as “teacher-level” 
variables.  
 Before analyzing teacher-level variables, I corrected for within-teacher inconsistencies 
that occurred when students taught by the same teacher reported different values on teacher-level 
variables, such as teacher gender or years of teaching experience. To restore consistency, I took 
the modal value of conflicting responses and imputed it across student observations.  
My first teacher characteristic, teacher gender, was a dichotomous variable, with nearly 
all teachers (98.1%) recorded as female. In addition to gender, my model took years of teaching 
experience into account. The ECLS-K originally reported years of teaching experience as five 
separate variables: years teaching pre-k, years teaching kindergarten, years teaching first grade, 
years teaching 2nd-5th grade, and years teaching 6th grade and above. By summing across these 
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variables, I constructed a continuous variable that represented a teacher’s total years of 
experience. I then created five dichotomous variables—one year of experience (reference group), 
2 years of experience, 3-4 years of experience, 5-9 years of experience, and 10+ years of 
experience—to align with researchers who find a nonlinear relationship between years of 
teaching experience and student outcomes (Rockoff 2004; Rivkin et al. 2005).  
 Along with the aforementioned teacher characteristics, I included various classroom-level 
measures—such as class type, class size, percentage of racial-minority peers, and percentage of 
Spanish-speaking peers—in my model. Class type refers to whether students received a morning 
of instruction, an afternoon of instruction, or a full day of instruction. I coded these options as 
three dummy variables with morning classes as the reference group. I coded class size as a 
continuous variable with a minimum of 10 students and a maximum of 30 students. Like 
mother’s education and initial test scores, class size was then centered on its grand mean.  
The original data included two continuous variables to represent the classroom 
percentages of racial-minority and Hispanic peers. Unlike that of minority peers, the distribution 
of Hispanic peers was significantly skewed, with 48.8% of children having no Hispanic peers. 
To correct for its asymmetric distribution, I created 6 dummy variables to represent classrooms 
with 0% Hispanic students (reference group), 0%- less than 5% Hispanic students, 5%-less than 
10% Hispanic students, 10%-less than 25% Hispanic students, 25%-less than 100% Hispanic 
students, and 100% Hispanic students. My final teacher-level variable, the percentage of 
Spanish-speaking students in the classroom, was continuous and without skew in the original 
data. 
 School administrators recorded all school-level measures in the fall of 1998. Of these 
variables, I included the following measures in analyses: percentage of the student body that 
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qualified for reduced-price lunch, percentage of racial-minority students, percentage of Hispanic 
students, percentage of Hispanic teachers, type (public/private), location, and neighborhood 
classification. As was done with teacher characteristics, I resolved within-school inconsistencies 
by imputing the modal values of school-level variables across observations with the same school 
identification number.  
I used the school’s percentage of students eligible for reduced-price lunch as a 
continuous, unskewed proxy variable for school-level SES. The school-reported percentages of 
racial-minority and Hispanic students were also continuous and without skew. Unlike the 
aforementioned variables, the percentage of Hispanic teachers at each school was not normally 
distributed. Therefore, I created 5 dichotomized variables to represent the following categories: 
0% Hispanic teachers, (reference group), Less than 5% Hispanic teachers, 5%-Less than 10% 
Hispanic teachers, 10%- 25% Hispanic teachers, and Over 25% Hispanic teachers. When using 
listwise deletion to account for missing data, models included these dummy variables. In later 
analyses of imputed data, I used a different method to estimate school-wide percentages of 
Hispanic teachers; I first aggregated teacher-reported ethnicity data to the school level.  I then 
corrected for skew by generating a new set of dichotomous variables:  0% Hispanic teachers 
(reference group), 0%-Less than 25% Hispanic teachers, 25%-Less than 50% Hispanic teachers, 
50%-Less than 100% Hispanic teachers, and 100% Hispanic teachers. Due to differing 
distributions of self-reported and aggregated data, the ranges of these categorical groups vary.  
I also controlled for a school’s location—as either northeast, Midwest, south, or west 
(reference group)—and neighborhood classification—as either urban, suburban/fringe town, or 
rural (reference group). My final independent variable, “public,” was binary and took on a value 
of 1 if the school was public, 0 if otherwise. 
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Analytic Strategy 
To account for the nested structure of students within both classrooms and schools, I 
constructed hierarchical linear models to analyze my data. I first used ANOVA tests to determine 
if the average student test scores measured at the beginning of the kindergarten year varied 
significantly between students of different ethnic and linguistic identities. Next, I ran an empty 
model on the spring 1999 test scores of students. Using this model, I calculated the grand mean 
of student test scores and assessed the degree of student-, teacher-, and school-level variation in 
my data (see Tables 6 and 7A-7B). To this model, I added random intercepts to measure the 
average effects of my independent variables across all schools. I then added a random slope to 
my random intercept models. Based on relevant literature (Raudenbush and Bryk 1986; Ma and 
Klinger 2000), I first allowed the slope coefficient of student SES to vary by school. I later 
replaced SES with mother’s education before ultimately fixing the slope coefficient at a single 
value across schools. 
In subsequent models, all variables had a random intercept and fixed slope. To this 
model, I added two key interaction terms to test my hypothesis that Hispanic and/or Spanish-
speaking students earn higher test scores when taught by demographically similar teachers. The 
first of these interaction terms was a dichotomous variable that took on a value of 1 if both the 
student and teacher were reported as being Hispanic. My second interaction term was also 
dichotomous and took on a value of 1 if both the student and teacher spoke Spanish.  
Missing data diagnostics showed that out of 16,177 cases, 6,276 (38.89%), 6,519 
(40.30%), and 6,259 (38.69%) were complete when analyzing reading, math, and general 
scientific knowledge scores. The variable with the most missing values was the school’s 
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percentage of students eligible for reduced-price lunch; only 9,892 (61.1%) observations report 
this value. Diagnostics also showed that students with low test scores in either math or reading 
were less likely to report the opposite-subject test score in the same round of data collection. 
Because the score of one observed variable predicted the missing score on another, these values 
were missing at random.  
Because the missing data were unpatterned, I performed multiple imputations of school-
level data by chained equations using Stata 13 (Royston 2005). I then generated ten imputed data 
sets and calculated complex averages of the coefficients and standard errors (Rubin 1987). I then 
imputed student- and teacher-level data using REALCOM software, a package that uses a 
Markov Chain Monte Carlo (MCMC) process to estimate missing values and standard errors.  I 
merged the student-, teacher-, and school-level data to produce a complete dataset of 16,177 
observations.   
Results 
While Tables 1-3 outline descriptive statistics for all analytic variables, Tables 4A and 4B 
explicitly detail the frequency distributions of teachers and students by ethnic and linguistic 
identities. In my sample, most teachers and students are reported as being non-Hispanic (91.2%3 
and 81.4% respectively). Of these individuals, most (90.2% of teachers and 99% of students) 
have no knowledge of the Spanish language. Hispanic, Spanish-speaking individuals comprise a 
small percentage of the sample, with only 6% of teachers and 9.7% of students reporting both 
characteristics. A comparable percentage of students (8.9%) identifies as being Hispanic, without 
knowledge of the Spanish language, while about a third as many teachers (2.8%) report such 
characteristics. 
                                                 
3 These values were calculated before the imputation of missing values. Therefore, they represent the reported 
percentages of student and teacher characteristics.  
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Only 8.9% of teachers and .29% of students in my sample are reported as being non-
Hispanic and Spanish-speaking. This proportional difference shows that in comparison to a non-
Hispanic student, a non-Hispanic teacher is over 30 times more likely to speak Spanish.  This 
discrepancy might reflect the importance placed on linguistic ability when training and hiring 
teachers (Halcón 2008). A complete cross-tabulation of student-teacher demographic 
combinations can be found in Table 4C.  
To assess test score differences between student groups at the beginning of the 
kindergarten year, I estimated ANOVA and post-hoc Scheffe tests. In line with past research, 
these analyses confirm that irrespective of linguistic ability and across subjects, Hispanic 
students enter kindergarten earning markedly lower scores than their non-Hispanic peers. Of four 
analytic student groups—non-Hispanic students without familiar knowledge of the Spanish 
language, non-Hispanic students with familiar knowledge of the Spanish language, Hispanic 
students without familiar knowledge of the Spanish language, and Hispanic students with 
familiar knowledge of the Spanish language—Spanish-speaking, Hispanic students earn the 
lowest average test scores, valued at 31.15 in reading, 19.91 in math, and 17.23 in general 
scientific knowledge. These scores are 13.5%, 26.6%, and 24.6%, lower than those of the 
average non-Hispanic, non-Spanish-speaking student. Table 5 outlines these ANOVA findings in 
more detail.  
Using an empty model, I calculated the average score for reading, math, and general 
scientific knowledge assessments measured in the spring of 1999. These values are estimated at 
3.8, 3.5 and 29.9 respectively4. For each subject, the majority of variation—73.6% in reading, 
71.9% in math, and 65.9% in general scientific knowledge—is at the student level. In contrast, 
                                                 
4 The significant between-subject mean variation can be attributed to the different scales on which the tests were 
scored and corrected for skew.  
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teacher-level variables account for only 6.1% (reading), 5.6% (math), and 3.1% (general) of the 
test score variation. School-level variables explain the remaining test score variation.  
To this model, I added random intercepts to assess the across-school average effects of 
my independent measures.  Past literature finds school-based variation in how student SES 
affects achievement (Raudenbush and Bryk 1986; Ma and Klinger 2000). To test for this 
variation, I included a random slope for SES in my model. Highly correlated with mother’s 
education, the random slope coefficient proved insignificant. After removing SES from the 
model, I added a random slope for mother’s education. Like that of SES, the slope of mother’s 
education proved insignificant, suggesting that in my data, the effect of mother’s education on 
student outcome measures does not significantly vary by school.  
Table 8 describes the average effects of my independent variables on my outcome 
measures after estimating and imputing missing data. When analyzing the test scores of 15,977 
students in a fully imputed data set, ethnic matching insignificantly affects student outcomes 
(pvalues of .09 in reading, .19 in math, and .34 in general knowledge). Table 9 presents the same 
analyses, yet in this model, I exclude the 3,055 observations in which any of the key independent 
variables—student-teacher ethnicity or linguistic ability—are not reported in the original data. Of 
these observations, I exclude 1,315 due to missing ethnic information, 1,344 due to missing 
linguistic information, and 396 due to missing information on both constructs. The total number 
of observations in this pared data set is 13,122.  
In contrast to analyses of the fully imputed data set, analyses of the pared data set find 
that ethnic matching has a statistically significant and positive effect on the reading test scores of 
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Hispanic kindergarten students in the spring of 1999 (pvalue of .009)5. These results suggest that 
Hispanic students with observed data on key student-teacher characteristics are estimated to earn 
significantly higher reading test scores when taught by Hispanic teachers, as compared to when 
taught by teachers of other ethnic backgrounds.  After converting logged values back into their 
original IRT scale, these additional gains are valued at 2.82 points. This gain elevates the test 
scores of ethnically matched Hispanic students above those of students in all other student-
teacher dyads. This holds true even after accounting for the negative fixed effects of being a 
Hispanic student and being taught by a Hispanic teacher. After including all relevant ethnic 
information, this model estimates that Hispanic students taught by Hispanic teachers will earn 
test scores that are an average of 6% higher than those of non-Hispanic students taught by non-
Hispanic teachers. Figures 2 and 3 visually outline these differential outcomes on both the 
logarithmic and original IRT scales. 
Across all data sets, ethnic matching insignificantly affects the math and general 
scientific knowledge outcomes of students. Similarly, my second interaction term—that which 
measures the effect of linguistic matching on achievement—proves insignificant across all 
subjects and all models. Figures 4-7 display these results.  
 
Discussion 
First, my analyses confirm that there exists a significant gap between the reading, math, 
and general scientific knowledge test scores of Hispanic and non-Hispanic kindergarteners. 
While linguistic matching appears to have little effect on student outcomes, analyses suggest that 
ethnic matching is associated with significant reading test score gains in kindergarteners 
                                                 
5 Analyses that employ listwise deletion to account for missing data produce similar results to those found when 
analyzing the data set of 13,122 observations. These coefficient values are fully outlined in the appendix of this text.  
In both, I find a significant effect of ethnic matching on reading test scores. 
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identified as Hispanic in the original data. These gains are not reflected in math or general 
scientific knowledge assessments. Neither are they reflected in reading test scores after 
estimating and imputing unreported ethnic and linguistic information across all observations. 
While seemingly paradoxical, the contrasting findings between analyses of partially- and fully- 
imputed data might underline the subjective nature of ethnicity and suggest that ethnic matching 
of Hispanic students and teachers only affects student outcomes when both parties strongly 
identify as being Hispanic.  
 
Alignment with Past Literature 
Past research shows that Hispanic students enter kindergarten with much lower math and 
reading skills than both their white, non-Hispanic peers (Reardon and Galindo 2009) and their 
African American peers (Fryer and Levitt 2004). In line with these analyses, my study finds that 
Hispanic students typically enter kindergarten earning test scores that are significantly lower than 
non-Hispanic students. Unlike past studies, this analysis takes into account linguistic ability 
when analyzing the test score gap between ethnic groups. It finds that Hispanic, Spanish-
speaking students enter their kindergarten year earning lower average test scores than their non-
Hispanic peers and their Hispanic, non-Spanish-speaking peers. Knowing that Spanish-speaking, 
Hispanic kindergarteners are likely to face formative educational barriers, educators might work 
to provide additional classroom support to this group of students as they begin their kindergarten 
year of school. 
 
Null Effects of Linguistic Matching on Test Scores 
In both the complete and pared data sets, linguistic matching does not significantly affect 
student test scores.  This suggests that shared understanding of the Spanish language between 
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students and teachers does not, by itself, help Hispanic students achieve. These findings coincide 
with those of Calderón, Hertz-Lazarowitz, and Slavin (1998) who find that incorporating 
bilingual learning into the classroom has null effects on the reading test scores of Spanish-
speaking kindergarteners. Conclusions also align with Stephen Krashen’s famous sociolinguistic 
theory of “comprehensible input” (1982). This theory maintains that second-language-learners 
benefit from increased exposure to the language they hope to obtain. This exposure should be 
“comprehensible:” at a level slightly more advanced than that of their individual ability (Krashen 
1982: 31). According to Krashen, benefits of exposure are especially strong for individuals who 
receive little linguistic input outside of isolated environments (Krashen, Seliger, and Harnett 
1974; Krashen and Seliger 1976).  
The classroom might be one of few environments wherein Spanish-speaking 
kindergarteners receive important exposure to the English language. As such, one might 
hypothesize that Spanish instruction deprives Spanish-speaking students of exposure to the 
English language. It is logical, then, that linguistic matching would not be associated with 
significant test score gains in Spanish-speaking students. This study suggests that policymakers, 
administrators and the general community alike misplace importance on the linguistic ability of 
teachers when trying to foster the academic growth of Hispanic, Spanish-speaking students. This 
analysis shows that ethnic matching might be a more viable way to support this demographic 
group.  
 
Effect of Ethnic Matching on Reading Test Scores 
In analyses of the 13,122 cases in which students and teachers report key ethnic and 
linguistic information, this study finds that Hispanic kindergarteners experience significant test 
score gains in reading when taught by Hispanic teachers. After controlling for initial test scores 
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and a variety of other factors such as mother’s education, class size, and school location, these 
students are predicted to earn reading test scores higher than 1. Hispanic kindergarteners taught 
by non-Hispanic teachers 2. Non-Hispanic kindergarteners taught by Hispanic teachers, and 3. 
Non-Hispanic kindergarteners taught by non-Hispanic teachers.  
These findings can be likened to those in studies of student-teacher racial matching. 
These past studies conclude that racial matching leads to higher student test scores in racial-
minority students (Dee 2004; Dee 2005; Easton-Brooks, Lewis, and Zhang 2010). Although 
ethnicity and race are distinct constructs, one might examine the racial matching literature to 
explain the effects of ethnic matching. This literature supposes that stereotype threats, role-
modeling effects, and active discrimination affect the test scores of racial-minority students (Dee 
2005).  Applying the language of that literature, one might argue that Hispanic students earn 
higher test scores when taught by Hispanic teachers because they 1. Feel comfortable around, as 
opposed to stereotyped by, Hispanic teachers 2.View Hispanic teachers as examples of academic 
and professional success and 3. Receive at least the same amount of positive teacher-attention as 
their non-Hispanic peers. Further research should be conducted to examine the mechanisms 
behind ethnic matching as they differ from racial matching.   
This study also finds that after estimating key missing values and using estimates in 
analyses, ethnic matching insignificantly affects student achievement.  One might hypothesize as 
to why this is so: It is possible that students and teachers who fail to report their ethnicity do not 
strongly identify as being Hispanic or non-Hispanic. Therefore, they might not feel a strong 
ethnic connection to one another. As a result, students would not experience the academic 
benefits associated with ethnic matching. Given the likelihood that Hispanic students will also 
speak Spanish (correlation coefficient of .67), one can argue that students who fail to report 
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linguistic information would also be less likely to experience strong ethnic identification. While 
only moderately correlated (correlation coefficient of .40), the same could be true of teachers 
failing to report key ethnic and linguistic information. Therefore, one might argue that 
individuals failing to report either ethnic or linguistic information would be less likely to 
associate with an ethnic identity.  These individuals would subsequently be less affected by 
ethnic matching. This suggests that ethnic matching is only associated with significant test score 
gains when students subjectively view themselves as similar to their teachers. This hypothesis 
aligns with that of Egalite and colleagues who argue that students in their sample failed to 
identify with teachers due to heterogeneity of nationality (Egalite et al. 2013). With this in mind, 
future researchers may want to reassess the ways in which they treat missing data when studying 
the effects of ethnic identification. 
This study also establishes that on average, ethnic matching of students and teachers 
affects the reading, but neither the math nor the general scientific knowledge, test scores of 
Hispanic kindergarten students. One can hypothesize that this difference is related to the 
differential amounts of instructional time teachers spend on each subject; in their study, “Is 
Kindergarten the New First Grade?” Bassok and Rorem (2014) found that in 1998, the first year 
of ECLS-K data collection, kindergarten teachers spent 328 minutes per week teaching reading 
and language arts curriculum.  The same group spent only 200 and 149 minutes teaching math 
and science curriculum respectively (Bassok and Rorem 2014). One might hypothesize that the 
effects of ethnic matching on test scores strengthen with increased instruction time. If true, it is 
logical that ethnic matching would have a stronger effect on reading test scores in comparison to 
both math and general scientific knowledge scores. 
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Limitations 
The present study is limited in a variety of ways. First, researchers collected the ECLS-K 
data from the years 1998-1999. Given the rapid growth of the Hispanic population in the last ten 
years (Ennis et al. 2011), it is possible that these findings no longer represent the educational 
realities of our nation’s youth.   
Second, the data do not include information regarding either teacher or student countries 
of origin. Given the vast heterogeneity of the Hispanic population in the United States (Ennis et 
al. 2011), one might hypothesize that despite their shared ethnic classification as “Hispanic,” 
Hispanic students from one country might not strongly identify with Hispanic teachers from 
another country. This study support this hypothesis by highlighting the subjective nature of 
ethnic identification. Without information on country of origin, analyses of ethnic matching 
might not accurately capture the degree to which students relate to their teachers.  
 Finally, due to data available on the ECLS-K 1998-1999, the current study overlooks 
teachers who speak Spanish, but fail to use it within the classroom. It is possible that the general 
linguistic knowledge of teachers and their use of Spanish instruction differently affect student 
outcomes.  
 
Future Directions 
Future researchers can improve upon the current study by analyzing data in the Early 
Childhood Longitudinal Study, Kindergarten Class of 2010-2011. This study, the second of three 
in the Early Childhood Longitudinal program, follows students who entered kindergarten in the 
fall of 2010. These new cohort data are an improvement over current data because they take into 
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account the growth of the Hispanic population in the last decade. In doing so, they more 
accurately reflect the current demographic makeup of the United States. 
Future researchers might also want to explore the lasting effects of kindergarten ethnic 
matching by analyzing first grade test scores. Past researchers conclude that over the summer, 
the average student test score declines by what equates to one month of schooling (Cooper et al. 
1996). With this in mind, future researchers might assess first grade test scores to better 
understand if ethnically matched Hispanic kindergarteners retain more information than their 
peers upon entrance into first grade.  
Developmental researchers argue that students in early elementary school are more 
affected by their teachers’ characteristics than are older students (Rogoff 1990; Lynch and 
Cicchetti 1997). Therefore, one might argue that the effects of student-teacher ethnic matching 
would be strongest in the kindergarten year. To ascertain if this is true, researchers might want to 
expand this analysis to higher grade levels and compare the strength of ethnic matching between 
years. These analyses might even reveal that ethnic matching significantly affects the math and 
general scientific knowledge outcomes of older students.   
It is also possible that the effects of ethnic matching grow with exposure to additional 
ethnically similar teachers. Given that Hispanic teachers concentrate in high-minority schools, it 
is probable that Hispanic students would be assigned to multiple Hispanic teachers throughout 
their academic careers (Chen et al. 1997). To better understand the compounded effects of ethnic 
matching, future researchers might test if repeated exposure to Hispanic teachers strengthens the 
effects of ethnic matching. Given that test score gaps tend to grow with time (Philips, Crouse, 
and Ralph 1998; Yeung and Pfeiffer 2005; Fryer and Levitt 2005), additional longitudinal 
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analyses might provide key insights into how policymakers and administrators could reduce or 
eliminate educational inequity as students age.  
Further research should also be conducted to ascertain why students identified as 
Hispanic earn significantly higher reading test scores when taught by self-identified Hispanic 
teachers. Contrary to its original hypothesis that linguistic matching facilitated this growth, this 
study found that shared student-teacher knowledge of the Spanish language does not 
significantly predict student achievement. To better understand how teacher linguistic abilities 
affect the test scores of Spanish-speaking students, future researchers should conduct additional 
studies that control for type and amount of Spanish use. Given that shared linguistic ability is not 
significantly associated with test score gains, future researchers might also want to return to the 
racial matching literature to better understand how subjective ethnic identification might lead to 
student growth. 
 
Implications 
While many factors contribute to a teacher’s ability to foster academic growth in their 
students, this study suggests that ethnic matching might significantly reduce the reading test 
score gap between Hispanic and non-Hispanic students. Therefore, to better address the needs of 
Hispanic students, administrators should consider hiring teachers with ethnic backgrounds 
similar to those of their students. Given the proportional difference between Hispanic teachers in 
the workforce and Hispanic students in the classroom6, policymakers must first change the 
recruitment, training, and certification processes of racial-minority teachers. 
                                                 
6 My data show that while Hispanic students comprise 16.55% of the kindergarten student body, Hispanic teachers 
comprise only 8.84% of the kindergarten teacher workforce. 
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While uncovering a significant relationship between ethnic matching and student 
achievement, this analysis argues that linguistic matching is not strongly associated with test 
score gains in Spanish-speaking kindergarten students. It suggests that Spanish-speaking students 
might benefit from increased English—as opposed to Spanish—language exposure. With this in 
mind, teachers and administrators must seriously consider the needs of their student bodies 
before incorporating second language instruction into the classroom.  
 
Conclusion 
In 1954, the landmark Brown V. Board of Education case ruled that racial segregation in 
public schools was unconstitutional (Administrative Office of the U.S. Courts). While sixty-one 
years have passed since that ruling, educational disparities continue divide white and racial-
minority students. This study explores and proposes a solution for one such disparity: the test 
score gap between Hispanic and non-Hispanic kindergarten students. Using the Early Childhood 
Longitudinal Study, Kindergarten Class of 1998-1999, this study first uncovered evidence of a 
marked achievement gap between Hispanic and non-Hispanic kindergarteners. It then assessed 
the ways in which policymakers, school administrators, and teachers could begin to eliminate 
these disparities.  
It found that unlike linguistic matching, ethnic matching of Hispanic students and 
teachers might be one solution. These findings suggest that to better address the needs of 
Hispanic students, administrators should hire teachers with ethnic backgrounds similar to those 
of their students. In turn, policymakers should increase the proportion of Hispanic teachers in the 
workforce. Finally, teachers should become aware of how their ethnic identities affect student 
achievement. They should subsequently try to create comfortable and equitable learning 
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environments for students of all ethnic backgrounds. While educational disparities cannot be 
eliminated through these initiatives alone, such actions and surrounding conversations may bring 
much needed attention to the educational obstacles faced by our nation’s growing Hispanic 
population. 
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Table 1: Student Characteristics in the Early Childhood Longitudinal Study, 
Kindergarten Class of 1998-1999 (N = 16,177) 
 
Student Demographics Proportion/ 
Mean 
(SD) 
Female .49 
 
Hispanic .18 
Spanish-Speaking (Fall 1998) .10 
Received Classroom Support .15 
Mom’s Education Level 
 
          8th Grade or below 
          9th to 12th grade 
          High School Diploma/Equivalent  
          Voc/Tech program  
          Some College 
          Bachelor’s Degree  
          Graduate/Professional School/No Degree 
          Master’s Degree 
          Doctorate or Professional Degree  
 
4.27 
(1.81) 
.05 
.09 
.30 
.05 
.26 
.16 
.02 
.05 
.02 
 
Test Scores: Fall 1998 
          Reading IRT Score (Original Scale) 
 
          Reading IRT Score (Normalized Scale) 
 
          Math IRT Score (Original Scale) 
 
          Math IRT Score (Normalized Scale) 
 
          General Scientific Knowledge IRT Score (Original Scale) 
 
 
35.43 
(10.14) 
0.17 
(0.02) 
26.14 
(9.10) 
3.21 
(0.33) 
22.26 
(7.55) 
Test Scores: Spring 1999 
          Reading IRT Score (Original Scale) 
 
          Reading IRT Score (Normalized Scale) 
 
          Math IRT Score (Original Scale) 
 
          Math IRT Score (Normalized Scale) 
 
          General Scientific Knowledge IRT Score (Original Scale) 
 
 
46.75 
(14.16) 
3.81 
(0.26) 
36.40 
(12.11) 
3.54 
(0.33) 
27.00 
(7.97) 
Note. These statistics were calculated before the imputation of missing data. 
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Table 2: Teacher Characteristics in the Early Childhood Longitudinal Study, 
 Kindergarten Class of 1998-1999 (N = 3,039) 
 
Teacher Demographics Proportion/ 
Mean 
(SD) 
Female .98 
Hispanic .092 
Spanish-Speaking .15 
Total Years of Teaching Experience 
 
          One Year of Experience 
          Two Years of Experience 
          3-4 Years of Experience 
          5-9.5 Years of Experience 
          10+ Years of Experience 
13.44 
(9.32) 
.05 
.05 
.10 
.21 
.58 
Percentage of Hispanic Students (Fall 1998) 19.59 
(30.32) 
Percentage of Minority Students (Fall 1998) 45.83 
(37.31) 
Students Speak Spanish in Class (Fall 1998) .44 
(.50) 
Number of Students in Class 20.23 
(4.39) 
Class Type 
          AM Class 
          PM Class 
          All Day Class 
 
.23 
.16 
.61 
Note. These statistics were calculated before the imputation of missing data. 
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Table 3: School Characteristics in the Early Childhood Longitudinal Study, 
Kindergarten Class of 1998-1999 (N = 947) 
 
School Characteristics Proportion/ 
Mean 
(SD) 
Public .75 
Northeast 
Midwest 
South 
West 
.19 
.25 
.31 
.25 
Central City 
Urban Fringe and Large Town 
Small Town and Rural 
.42 
.38 
.20 
Percentage of Hispanic Students  
          0% Hispanic Students 
 
          Less than 5% Hispanic Students 
 
          Less than 10% Hispanic Students 
 
          Less than 25% Hispanic Students 
 
          25% or More Hispanic Students 
 
 
.20 
(.40) 
.41 
(.49) 
.11 
(.31) 
.11 
(.32) 
.18 
(.38) 
Percentage of Students Eligible for Reduced-Price Lunch  7.55 
(6.37) 
Percentage of Hispanic Teachers 
          0% Hispanic Teachers 
 
          1% or Less Hispanic Teachers 
 
          5% or Less Hispanic Teachers 
 
          25% or Less Hispanic Teachers 
 
          33% or Less Hispanic Teachers 
 
 
.64 
(.48) 
.10 
(.30) 
.10 
(.30) 
.10 
(.29) 
.06 
(.24) 
Note. These statistics were calculated before the imputation of missing data.  
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Table 4A. Teacher Characteristic Cross-Tabulation 
 
 
 
 
 
 
 
Note. These statistics were calculated before the imputation of missing data. 
 
 
Table 4B: Student Characteristic Cross-Tabulation 
 
 
 
 
Note. These statistics were calculated before the imputation of missing data. 
 
Table 4C: Student-Teacher Characteristic Cross-Tabulation 
Note. These statistics were calculated before the imputation of missing data. 
 
 
 
 
 
 
 
 
 
 
 
Teacher Characteristic Non-Spanish Spanish Total 
Non-Hispanic 2,177 236 2,413 
Hispanic 75 159 234 
Total 2,252 395 2,647 
Student Characteristic Non-Spanish Spanish Total 
Non-Hispanic 11,937 42 11,979 
Hispanic 1,309 1,421 2,730 
Total 13,246 1,463 14,709 
 
Student Characteristics 
Teacher Characteristics 
Non-Hispanic, 
Non-Spanish 
Hispanic, 
Non-
Spanish 
Non-Hispanic, 
Spanish 
Hispanic, 
Spanish Total 
Non-Hispanic, Non- 
Spanish 9,813 937 22 450 11,222 
Hispanic, Non-Spanish 200 68 4 61 333 
Non-Hispanic, Spanish 653 115 5 259 1,032 
Hispanic, Spanish 54 63 3 415 535 
Total 10,720 1,183 34 1,185 13,122 
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Table 5: ANOVA Comparison of Student Test Scores by Group, Fall 1998 
 
 
Non-Hispanic, 
Non-Spanish-
Speaking 
students (NN) 
Non-
Hispanic, 
Spanish-
Speaking 
students (NS) 
Hispanic, 
Non-
Spanish 
Speaking 
students 
(HN) 
Hispanic, 
Spanish-
Speaking 
students 
(HS) 
Significant 
Subgroup 
differences 
 
Mean  
(N) 
Mean  
(N) 
Mean  
(N) 
Mean  
(N)  
Reading IRT 
Scores 
36.02 
(11,642) 
34.07 
(34) 
33.59 
(1,294) 
31.15 
(565)7 
NN/HN*** 
NN/HS*** 
HN/HS*** 
Math IRT Scores 27.13 (11,632) 
23.91 
(39) 
24.24 
(1,295) 
19.91 
(1,373) 
NN/HN*** 
NN/HS*** 
HN/HS*** 
General Scientific 
Knowledge 
IRT Scores 
22.87 
(11,610) 
18.99 
(32) 
20.33 
(1,289) 
17.23 
(566) 
NN/NS* 
NN/HN*** 
NN/HS*** 
HN/HS*** 
 
Notes. One-way ANOVA tests with post-hoc Scheffe tests were used to evaluate significant 
differences among the groups. Significant subgroup differences are denoted as follows: NN/HN 
= Non-Hispanic, Non-Spanish-Speaking Students vs. Hispanic, Non-Spanish-Speaking Students; 
NN/HS= Non-Hispanic, Non-Spanish-Speaking Students vs. Hispanic, Spanish-Speaking 
Students; NS/HS= Non-Hispanic, Spanish-Speaking Students vs. Hispanic, Spanish-Speaking 
Students; HN/HS= Hispanic, Non-Spanish-Speaking Students vs. Hispanic, Spanish-Speaking 
Students. *** P<.001, **P<.01, *P<.05 
 
 
 
 
 
 
 
 
 
 
 
 
                                                 
7 The inconsistency between these numbers and those reported in my introduction (Ryan 2013:9) can be 
attributed to missing values, as many students who are Hispanic and Spanish-speaking fail to report fall 1998 
reading scores.  
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Table 6: Average Test Scores, Spring 1999 
Variable Name Grand Mean 
Normalized Reading 
IRT Scores 3.80 
Normalized Math 
IRT Scores 3.54 
General Scientific 
Knowledge IRT 
Scores 
29.89 
Note. These values were calculated using imputed data. 
Table 7A: Interclass Variation, Spring 1999  
 Student-Level Teacher-Level School-Level Total 
Normalized Reading 
IRT Scores 0.051 0.004 0.014 0.069 
Normalized Math IRT 
Scores 0.076 0.006 0.024 0.106 
General Scientific 
Knowledge IRT 
Scores 
42.098 2.005 19.809 63.912 
Note. These values were calculated using imputed data. 
 
Table 7B: Interclass Correlation, Spring 1999 
  Student-Level Teacher-Level School-Level Total 
Normalized Reading 
IRT Scores 0.736 0.061 0.203 1.000 
Normalized Math 
IRT Scores 0.719 0.056 0.225 1.000 
General Scientific 
Knowledge IRT 
Scores 0.659 0.031 0.310 1.000 
Note. These values were calculated using imputed data. 
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Table 8: Fixed Effects Coefficients, Spring 1999  
Fully Imputed Data Set (N=15,977) 
 
 Reading IRT Math IRT Gen IRT Student-Level Effects B B B 
 (SE) (SE) (SE) 
Fall 1998 Test Score (same 
subject) -8.07*** 0.68*** 0.78*** 
 
(0.27) (0.01) (0.01) 
Female Student 0.014*** -0.01** -0.24** 
 
(0.00) (0.00) (0.09) 
Hispanic Student -0.01 -0.02* -0.16 
 
(0.01) (0.01) (0.17) 
Spanish Speaking Student -0.02* -0.01 -0.89** 
 
(0.01) (0.01) (0.29) 
Student Support -0.04*** -0.04*** -0.87*** 
 
(0.00) (0.01) (0.11) 
Mother's Education 0.01*** -0.01*** 0.30*** 
 
(0.00) (0.00) (0.3) 
    Teacher-Level Effects 
   Female Teacher 0.11* 0.01 0.24 
 
(0.05) (0.04) (0.35) 
Hispanic Teacher -0.03 -0.2 -0.48 
 
(0.05) (0.03) (0.34) 
Spanish Speaking Teacher -0.11* -0.02 0.00 
 
(0.05) (0.02) (0.18) 
Afternoon Class 0.04 0.02 0.17* 
 
(0.02) (0.02) (0.17) 
All Day Class 0.04 0.02 0.31 
 
(0.03) (0.02) (0.15) 
Spanish Speaking 
Classmates 0.03 0.01 -0.08 
 
(0.02) (0.01) (0.13) 
Year Teaching Experience 
   2 years 0.05 0.06 0.00 
 
(0.06) (0.03) (0.30) 
3-4 years 0.06 0.05 -0.05 
 
(0.05) (0.03) (0.27) 
5-10 years 0.05 0.06 -0.02 
 
(0.05) (0.03) (0.22) 
10+ years 0.06 0.06* 0.07 
 
(0.05) (0.03) (0.21) 
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Class Size 0.01** 0.06** 0.02 
 
(0.00) (0.00) (0.01) 
Percent Hispanic Classmates 
   5% or less Hispanic -0.03 -0.02 0.03 
 
(0.03) (0.02) (0.19) 
5% -10% less Hispanic -0.02 -0.01 0.25 
 
(0.03) (0.02) (0.19) 
10%-25% Hispanic -0.04 -0.03 0.20 
 
(0.02) (0.02) (0.16) 
25%-100% Hispanic 0.03 -0.01 0.53* 
 
(0.04) (0.02) (0.24) 
100% Hispanic -0.39*** 0.01 0.97 
 
(0.06) (0.04) (0.49) 
Percent Minority Classmates 0.00 0.00 -0.01*** 
 
(0.00) (0.00) (0.01) 
Hispanic Match 0.04 0.03 0.42 
 (0.02) (0.03) (0.44) 
Spanish Match -0.03 0.00 -0.11 
 (0.02) (0.02) (0.43) School-Level Effects 
   Percent Reduced Price 
Eligible 0.00 0.00 -0.01 
 
(0.00) (0.00) (0.01) 
Percent Hispanic Students -0.16* 0.03 0.23 
 
(0.07) (0.05) (0.42) 
Percent Minority Students 0.00 0.00 -0.01*** 
 
(0.00) (0.00) (0.00) 
Percent Hispanic Teachers 
   0%- 25% Hispanic -0.02 -0.03 0.20 
 
(0.03) (0.03) (0.23) 
25%-50% Hispanic 0.01 -0.01 0.07 
 
(0.04) (0.03) (0.26) 
50%-100% Hispanic -0.1 -0.03 0.24 
 
(0.06) (0.04) (0.43) 
100% Hispanic 0.25* -0.01 1.04 
 (0.13) (0.08) (0.81) 
Public School -0.02 0.01 0.05 
 
(0.03) (0.02) (0.14) 
    School Location 
   Northeast -0.07* -0.08*** -0.25*** 
 
(0.03) (0.02) (0.17) 
Midwest -0.06* -0.02 0.16 
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(0.03) (0.02) (0.18) 
South -0.03 -0.01 -0.12 
 
(0.03) (0.02) (0.16) 
Neighborhood Classification 
   Urban -0.04 -0.03 0.40** 
 
(0.03) (0.02) (0.15) 
Town -0.01 -0.02 0.28 
 
(0.03) (0.02) (0.15) 
Constant 3.71*** 3.54*** 27.83*** 
 
(0.08) (0.06) (0.42) 
Note. *** P<.001, **P<.01, *P<.05 
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Table 9: Fixed Effects Coefficients, Spring 1999 
Pared Data Set (N=13,122) 
 
 Reading IRT Math IRT Gen IRT Student-Level Effects B B B 
 (SE) (SE) (SE) 
Fall 1998 Test Score (same 
subject) -8.356*** 0.730*** 0.797*** 
 
(0.368) (0.014) (0.007) 
Female Student 0.014*** -0.013*** -0.205* 
 
(0.003) (0.003) (0.083) 
Hispanic Student -0.002 -0.006 -0.120 
 
(0.006) (0.007) (0.155) 
Spanish Speaking Student -0.021 -0.008 -0.845** 
 
(0.016) (0.011) (0.274) 
Student Support -0.040*** -0.037*** -0.829*** 
 
(0.005) (0.005) (0.113) 
Mother's Education 0.010*** 0.010*** 0.282*** 
 
(0.001) (0.001) (0.031) 
    Teacher-Level Effects 
  
 
Female Teacher 0.056 0.004 0.155 
 
(0.045) (0.019) (0.359) 
Hispanic Teacher -0.004 -0.034 -0.412 
 
0.042 (0.029) (0.358) 
Spanish Speaking Teacher -0.088** -0.034 -0.052 
 
(.031) (0.029) (0.184) 
Afternoon Class 0.030 0.019* 0.173 
 
(0.235) (0.009) (0.174) 
All Day Class 0.055** 0.033*** 0.379* 
 
(0.031) (0.009) (0.149) 
Spanish Speaking 
Classmates 0.012 0.001 -0.090 
 
(0.019) (0.007) (0.146) 
Year Teaching Experience 
   2 years 0.010 0.046* -0.111 
 
(0.042) (0.019) (0.329) 
3-4 years 0.004 0.022 -0.162 
 
(0.039) (0.017) (0.299) 
5-10 years -0.001 0.036* -0.083 
 
(.037) (0.017) (0.272) 
10+ years 0.011 0.034* -0.011 
 
(0.035) (0.017) (0.254) 
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Class Size 0.001 0.001 0.013 
 
(0.001) (0.001) (0.013) 
Percent Hispanic Classmates 
   5% or less Hispanic -0.012 -0.018 0.012 
 
(0.027) (0.012) (0.198) 
5% -10% less Hispanic 0.002 -0.005 0.253 
 
(0.025) (0.010) (0.189) 
10%-25% Hispanic 0.001 0.000 0.264 
 
(0.022) (0.009) (0.168) 
25%-100% Hispanic 0.020 0.011 0.744** 
 
(0.034) (0.015) (0.262) 
100% Hispanic -0.424*** 0.040 1.320* 
 
(0.061) (0.022) (0.548) 
Percent Minority Classmates -0.000 -0.005 -0.012** 
 
(0.000) (0.000) (0.004) 
Hispanic Match 0.064** 0.030 0.416 
 (0.023) (0.025) (0.425) 
Spanish Match -0.058 -0.007 -0.384 
 (0.030) (0.016) (0.416) School-Level Effects 
  
 
Percent Reduced Price 
Eligible 0.000 -0.000 -0.003 
 
(0.001) (0.001) (0.009) 
Percent Hispanic Students -0.093 0.024 0.094 
 
(0.058) (0.024) (0.470) 
Percent Minority Students -0.000 -0.000 -0.015*** 
 
(0.000) (0.000) (0.004) 
Percent Hispanic Teachers    0%- 25% Hispanic 0.002 0.004 -0.003 
 
(0.031) (0.016) (0.264) 
25%-50% Hispanic 0.044 -0.002 0.008 
 
(0.032) (0.015) (0.252) 
50%-100% Hispanic -0.126* 0.019 (0.292) 
 
(0.058) (0.024) (0.423) 
100% Hispanic 0.231* 0.007 0.725 
 (0.109) (0.043) (0.789) 
Public School 0.012 0.009 0.122 
 
(0.022) (0.009) (0.148) 
    School Location    Northeast -0.056* -0.050*** -0.326* 
 
(0.025) (0.010) (0.180) 
Midwest -0.047 -0.011 0.041) 
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(0.024) (0.010) (0.180) 
South -0.042 -0.008 -0.190 
 
(0.023) (0.010) (0.169) 
Neighborhood Classification    Urban -0.003 -0.014 0.466** 
 
(0.022) (0.009) (0.155) 
Town 0.006 -0.008 0.344* 
 
(0.021) (0.009) (0.148) 
Constant 3.754*** 3.544*** 27.906*** 
 
(0.061) (.026) (0.495) 
Note. *** P<.001, **P<.01, *P<.05*  
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Figure 2: Effects of Ethnicity on Reading Scores by Teacher-Student Dyad (Logarithmic Scale), 
Spring 1999, Pared Data Set (N=13,122) 
 
 
Note. *** P<.001, **P<.01, *P<.05 
 
 
Figure 3: Effects of Ethnicity on Reading Scores by Teacher-Student Dyad (Original Scale), 
Spring 1999, Pared Data Set (N=13,122) 
 
 
Note. *** P<.001, **P<.01, *P<.05 
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Figure 4: Effects of Ethnicity on Math Scores by Teacher-Student Dyad (Logarithmic Scale), 
Spring 1999, Pared Data Set (N=13,122) 
 
 
 
 
 
Figure 5: Effects of Ethnicity on Math Scores by Teacher-Student Dyad (Original Scale),  
Spring 1999, Pared Data Set (N=13,122) 
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Figure 6: Effects of Ethnicity on General Test Scores by Teacher-Student Dyad (Original Scale), 
Spring 1999, Pared Data Set (N=13,122) 
 
 
 
Figure 7: Effects of Language on Test Scores by Teacher-Student Dyad (Original Scale)  
 Spring 1999, Pared Data Set (N=13,122) 
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Appendix 
 
Fixed Effects Coefficients, Spring 1999  
Unimputed Data Set (N=6,259-6,519) 
 
 Reading IRT Math IRT Gen IRT Student-Level Effects B B B 
 (SE) (SE) (SE) 
Fall 1998 Test Score (same 
subject) -10.25*** 0.78*** 0.826*** 
 
(0.11) (0.01) (0.01) 
Female Student 0.014*** -0.01** -0.19* 
 
(0.00) (0.00) (0.10) 
Hispanic Student -0.00 0.01 -0.11 
 
0.01 (0.01) (0.20) 
Spanish Speaking Student 0.00 -0.02 0.14 
 
(0.01) (0.01) (0.37) 
Student Support -0.03*** -0.02*** -0.53*** 
 
(0.00) (0.01) (0.13) 
Mother's Education 0.00*** 0.01*** 0.29*** 
 
(0.00) (0.00) (0.03) 
    Teacher-Level Effects 
   Female Teacher 0.01 0.02 0.11 
 
(0.02) (0.02) (0.45) 
Hispanic Teacher -0.01 0.01 -0.46 
 
(0.02) (0.02) (0.41) 
Spanish Speaking Teacher -0.01 -0.01 0.22 
 
(0.01) (0.01) (0.24) 
Afternoon Class 0.01 0.01 0.29 
 
(0.01) (0.01) (0.21) 
All Day Class 0.03*** 0.04*** (0.75)*** 
 
(0.01) (0.01) (0.18) 
Spanish Speaking Classmates 0.00 0.00 -0.46* 
 
(0.01) (0.01) (0.19) 
Year Teaching Experience 
   2 years 0.02 0.03 -0.51 
 
(0.02) (0.02) (0.42) 
3-4 years 0.01 0.01 -0.35 
 
(0.02) (0.02) (0.40) 
5-10 years 0.02 0.02 -0.55 
 
(0.02) (0.02) (0.37) 
10+ years 0.03 0.02 -0.37 
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(0.02) (0.02) (0.36) 
Class Size -0.00 0.00 0.00 
 
(0.00) (0.00) (0.02) 
Percent Hispanic Classmates 
   0%-5% Hispanic 0.00 -0.02 0.17 
 
(0.01) (0.01) (0.23) 
5% -10% Hispanic -0.00 -0.01 0.37 
 
(0.01) (0.01) (0.22) 
10%-25% Hispanic -0.01 0.00 0.37 
 
(0.01) (0.01) (0.27) 
25%-100% Hispanic -0.00 0.01 0.87* 
 
(0.02) (0.02) (0.34) 
100% Hispanic 0.99 0.05* 1.31 
 
0.03 (0.03) (0.68) 
Percent Minority Classmates -0.00 -0.00* -0.01* 
 
(0.00) (0.00) (0.00) 
Hispanic Match 0.064** -0.00 0.87 
 (0.02) (0.02) (0.63) 
Spanish Match -0.01 -0.01 -1.32 
 (0.03) (0.02) (0.66) School-Level Effects 
   Percent Reduced Price 
Eligible 0.00 0.00 0.00 
 
(0.00) (0.00) (0.01) 
Percent Hispanic Students 0.01 0.00 0.07 
 
(0.00) (0.00_ (0.09) 
Percent Minority Students -0.00 -0.00 -0.26* 
 
(0.01) (0.01) (0.11) 
Percent Hispanic Teachers 
   0%-5% Hispanic -0.01 -0.03** -0.24 
 
(0.01) (0.01) (0.20) 
5%-10% Hispanic 0.02 0.02 0.61* 
 
(0.15) (0.01) (0.29) 
10%-25% Hispanic 0.02 0.02 0.43 
 
(0.02) (0.02) (0.36) 
25+% Hispanic -0.01 -0.02 -0.48 
 (0.013) (0.01) (0.26) 
Public School 0.02 0.02 0.44* 
 
(0.01) (0.01) (0.18) 
    School Location 
   Northeast -0.05*** -0.04*** -0.78*** 
 
(0.01) (0.01) (0.24) 
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Midwest -0.03** -0.02 -0.30 
 
(0.01) (0.01) (0.22) 
South -0.03* -0.02 -0.74 
 
(0.01) (0.01) (0.21) 
Neighborhood Classification 
   Urban -0,00 -0.00 0.51** 
 
(0.01) (0.01) (0.19) 
Town -0.00 0.01 0.38* 
 
(0.01) (0.01) (0.18) 
Constant 3.77*** 3.42*** 27.93*** 
 
(0.03) (0.03) (0.62) 
 
Note. *** P<.001, **P<.01, *P<.05 
 
 
 
 
 
 
 
 
 
 
 
